Inference for the latter group of drugs, however, is complicated by much lower mean and maximum rates of cost sharing, which decrease the precision and generalizability of our findings. This suggests one limitation of the revealed preference approach in this context.
METHODS
To analyze how the demand for specialty drugs for cancer varies with patient income and the out-of-pocket payments patients face, we utilize an extensive set of deidentified administrative insurance claims data drawn from a nonrandom sample of more than 50 private health plans offered by 15 employers. These data cover roughly 10.8 million beneficiary years from 1997 to 2005. For each medical and pharmacy claim in the data, detailed information exists on health plan and patient out-of-pocket spending, diagnostic codes from the International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM), and procedure codes recorded under the Current Procedural Terminology (CPT) or Health Care Financing Agency Common Procedure Coding System (HCPCS). Limited demographic information on the claimant is also available; namely, age, gender, an indicator for urban residence, and 2000 Census median income in the zip code of residence.
We focus our attention on five relatively recent treatments spanning a broad range of systemic, proliferative diseases:
Bevacizumab (Avastin, Genentech, South San Francisco, CA) in metastatic colorectal cancer (ICD-9-CM diagnosis codes of 153, 154.0, or 154.1) Trastuzumab (Herceptin, Genentech, South San Francisco, CA) for metastatic breast cancer (ICD-9-CM diagnosis code of 174) Rituximab (Rituxan, Genentech, South San Francisco, CA and Biogen Idec, Cambridge, MA) for non-Hodgkin's lymphoma (NHL) (ICD-9-CM diagnosis codes of 200 or 202) Erlotinib (Tarceva, Genentech, South San Francisco, CA, and OSI Pharmaceuticals, Melville, NY) for metastatic nonsmall lung cancer (ICD-9-CM diagnosis code of 162) and pancreatic cancer (ICD-9-CM diagnosis code of 157)
Imatinib mesylate (Gleevec, Novartis AG, Basel, Switzerland) for Philadelphia chromosome positive chronic myeloid leukemia (CML) (ICD-9-CM diagnosis code of 205.1) Our sample consists of cancer patients who are eligible for these treatments. These are generally patients with metastatic disease (or hematologic malignancies) corresponding to one of the cancers listed above. We identified these patients as those with (a) one or more of the ICD-9-CM diagnosis codes for the forms of cancer noted above and (b) at least two principal or secondary ICD-9-CM diagnosis codes indicating metastatic disease (196) (197) (198) (199) , separated by 30 days or more. The second criterion was added so as to exclude cases in which metastatic disease is under evaluation, that is a ''rule-out'' diagnosis code. This method for identifying metastatic cancer patients has been used in other studies (Rao, Kubisiak, and Gilden 2004; Jacobson et al. 2006; Krupski et al. 2006; Pelletier et al. 2008 ) and validated in a study using Medicare claims data compared with a gold standard of prospectively collected clinical trial data (Lamont et al. 2006) . However, in the case of non-Hodgkin's lymphoma and chronic myeloid leukemia, we did not restrict ourselves to metastatic patients, because the treatments corresponding to these (liquid tumor) diseases are indicated for all patients.
Use of each of the five drugs is identified in one of two ways. For the two orally administered products, all pharmacy claims are flagged that include any of the national drug codes (NDCs) for either imatinib mesylate or erlotinib. Because some claims include prescriptions written for multiple months, we redefine usage into 30-day equivalents (e.g., a 90-day prescription counts as three 30-day-equivalents). For the four other products, we use medical claims data to identify use of each product from physicians' offices, home care agencies, and outpatient facilities such as outpatient hospital clinics. Claims for a particular product are identified based on the CPT or HCPCS codes associated with that product (e.g., J9355 refers to an administration of bevacizumab). Because some of the treatments are indicated for diseases other than cancer, we only included treatment claims that contain a diagnostic code for the corresponding cancer. Thus, claims for other potential uses were included only if they mentioned both the cancer and the alternative indication, an extremely rare occurrence. For example, none of the rituximab claims with a diagnosis code for non-Hodgkin's lymphoma had a diagnosis code for rheumatoid arthritis, which is another of its indications.
Using the large variation in out-of-pocket spending per claim generated by differences in plan benefit design, we estimate demand in two steps. First, we estimate how the probability of initiating therapy responds to out-of-pocket costs per claim and income among individuals utilizing any of the five medications considered. Specifically, we estimate the following linear probability model:
In the above equation, Use ijt , is a dummy variable which is equal to 1 if an eligible patient j used drug i in year t ; f i is a drug fixed-effect; d t is a year effect; X jt is a vector of individual characteristics: Region (Midwest, South, West, Northeast), Urban residence (1 5 urban; 0 otherwise), Age, Gender; OOP ijt is the average out-of-pocket costs per claim for the given drug, which is calculated as the average out-of-pocket amount per claim among all persons using drug i in individual j 's plan at year t ; income jt is individual j 's income in year t, proxied by the median 2,000 income of his three-digit zip code of residence; e ijt is the error term, which we cluster at the plan-year level, since the variation in out-of-pocket costs is at the plan level. We weight the regression by the annual number of claims for the drug in a given plan. We use b 1 and b 2 to calculate arc elasticities for out-of-pocket cost and income. To do so, we used our estimates of the parameters in equation (1) to project the change in probability of utilization associated with a 25 percent decrease in out-of-pocket costs or income. The arc price elasticity for an individual is then calculated as
where Dprob ijt is the estimated change in probability, prob ijt is the average of the initial and new probability of utilization, DOOP ijt is the absolute change in out-of-pocket costs, and OOP ijt is the average of the initial and new out-ofpocket costs. Equation (2) represents the elasticity for an individual; we calculate and report the average out-of-pocket cost elasticity by calculating the elasticity for each individual and averaging over the population. A similar approach is used to calculate the average income elasticity. Standard errors for both elasticities are calculated using the delta method.
The use of average plan-level out-of-pocket costs addresses the potential problem of reverse causality: individuals may have lower out-of-pocket costs because they use more therapy, which may drive them above deductibles or out-of-pocket maximums.
The inclusion of drug fixed-effects in this specification means that the model does not make use of variation in out-of-pocket costs across drugs, only across insurance plans. This approach is robust to unobserved drug attributes correlated with out-of-pocket costs and quantity. For example, if users of erlotinib have unobservably higher incomes than users of imatinib mesylate, a standard demand specification would incorrectly attribute the difference in incomes to the drug itself. Including drug fixed effects eliminates this type of variation. Drug fixed effects also account for drug-specific characteristics, such as the differences between oral and injectable agents.
We also include year fixed effects to control for common temporal factors, such as changes in practice patterns or reimbursement that influence all drugs. In addition, our proxy for individual income uses the median income of an individual's zip code of residence, as reported in the 2000 Census. As aggregate income varies over the time period in our study, the use of year effects allows us to control for secular trends in this income measure, such as those due to economic growth and inflation.
Because some of the drugs in our sample are used by only a small number of patients, estimating equation (1) separately for each drug could lead to imprecise estimates for the lightly utilized drugs. ''Stacking'' the regression datesets for each individual drug and estimating a common demand equation allows more precise estimates, at the cost of imposing additional structure. Because rituximab accounts for nearly three quarters of the observations in our sample, we estimate equation (1) for rituximab alone. For the remaining drugs, we estimated a pooled model, but with drug fixed effects that allow the intercept term to vary across drugs.
After estimating the probability of initiation, we estimate the following equation among users of these drugs to determine the effect of out-of-pocket costs on therapy continuation:
In the equation above, Claims itj is the number of claims for drug i filed by individual j in year t. All the other variables are the same as above. As with equation (1), we estimated equation (3) separately for rituximab and then pooled the regressions for the remaining drugs. In addition, we cluster standard errors at the plan-year level and report the average outof-pocket cost and income elasticities for the population, using methods similar to those previously described. We use the results of equation (3) to calculate how much (in dollar terms) patients in our sample using the medications value them. Specifically, as equation (3) represents a linear demand curve for each treatment, a given individual's willingness-to-pay for Q claims of a drug is
We then calculated the consumer surplus for each patient as the willingness to pay for the number of claims administered in a given year, as shown in equation (4), divided by the total amount spent by the patient and his or her insurer for those claims. Table 1 presents descriptive statistics for the sample as a whole and separately for each of the five drugs considered. Our sample consists of 29,539 patients eligible for one of the treatments we consider, with 41,874 person-years between them. Only a small proportion of these patients--o10 percent--used one or more of the five drugs in our sample. Limiting the sample to patients who used one or more of these drugs, there are 2,678 person-years and 16,533 claims in total. Patients using rituximab account for three-fourths of the users in our sample, followed by patients using imatinib mesylate (about 15 percent of the users in the sample). Taken together, bevacizumab, trastuzumab, and erlotinib account for about 10 percent of the user base. This is not that surprising, because bevacizumab and erlotinib were both approved in 2004, just 1 year after the end of our sample window.
RESULTS
Across drugs, the range in out-of-pocket spending is large. The orally administered products imatinib mesylate and erlotinib cost patients on average U.S.$609-879/year, 2 while average cost for the injected products range from U.S.$1,799/year (bevacizumab) to U.S.$15,074/year (trastuzumab). Even among patients receiving the same drug, there is substantial variation in out-of-pocket costs, reflecting variation in health plan generosity. For example, the median annual out-of-pocket cost for patients receiving bevacizumab is just U.S.$338/year, but patients in the 75th percentile pay U.S.$2,251/year and patients in the 90th percentile pay U.S.$4,739 annually. Table 1 also shows the levels of cost sharing for each drug, which is calculated as out-of-pocket costs divided by the total spending of insurer and patient. The share of cost paid out-of-pocket differs substantially across injectables and orals. At the 90th percentile, for instance, cost sharing is about 50 percent for the injectables (bevacizumab, trastuzumab, and rituximab), but just 15 percent for the orals (imatinib mesylate and erlotinib). The lower rate of cost sharing complicates our inferences about WTP for oral specialty products, as there is a narrower distribution of out-of-pocket costs across which to identify the full demand curve. We first consider how the probability of initiating therapy among all eligible patients (N 5 40,874 person-years) responds to changes in out-ofpocket cost and income. With demographic controls (our preferred specification), the estimated elasticity of demand in the therapy-initiation equation is À 0.258 (po.05) for rituximab and À 0.189 for the remaining specialty drugs. This means that a 25 percent reduction in out-of-pocket cost leads to a relative 6.4 percent increase in the probability of initiating therapy for rituximab and a relative 4.7 percent increase in the probability of initiating therapy for other drugs, although the latter value is not statistically different from zero. By contrast, the estimated income elasticity is statistically indistinguishable from zero.
Next we restrict the sample to metastatic cancer patients (N 5 1,918) who used one or more of the five specialty oncology medications (N 5 2,678 useryears) and consider how the annual number of claims responds to changes in out-of-pocket cost and income. With demographic controls, the estimated elasticity of demand is À 0.0367 (po.01) for rituximab and À 0.108 (po.05) for the remaining specialty drugs. Thus, a 25 percent reduction in out-ofpocket expenses reduces the number of claims, on average, by 0.917 percent for rituximab and 2.7 percent for the remaining drugs. The estimated income elasticity once again is statistically indistinguishable from zero. These regression results, along with results of models with alternative specifications, are shown in Table 2 .
Other studies (Contoyannis et al. 2005 ; Liu and Chollet 2006) find demand elasticities for prescriptions drugs ranging from À 0.10 to À 0.60, although Gaynor, Li, and Vogt (2006) estimate elasticities ranging from À 0.6 to À 0.8 and Goldman et al. (2006) find elasticities of demand for specialty drugs to range from À 0.01 to À 0.21. Overall, our estimates are consistent with and at the lower end of these findings.
Next we infer the dollar willingness to pay among users of the drugs in our sample by examining the estimated utilization-out-of-pocket cost relationship in equation (4). We then calculate the ratio between dollar willingness to pay and the total cost of the drug--to the patient and all payers. This ratio greatly exceeds 1 for the vast majority of patients on injectables, indicating substantial consumer surplus. In other words, the value of these treatments to the patients who receive them typically is much higher than the amount paid out of pocket by the patient, but it is also substantially more than the total cost paid for the drug (patient and insurance cost combined). For the specialty orals, however, results are mixed.
As Table 3 shows, the net benefit ratio (of aggregate willingness to pay to aggregate spending) is 4.04 for the sample as a whole. In aggregate, the total value of the drugs for the patients in our sample to be U.S.$164 million, against a total cost of U.S.$72.2 million. We find that willingness to pay exceeds aggregate spending for more than 98 percent of patients on rituximab. The same is true for more than 75 percent of patients on other injectables. For oral therapies, we find that only 45 percent of patients on erlotinib and imatinib mesylate value the drug in excess of costs. It is important to note though that oral agents are typically covered under the prescription drug benefits, with much less cost sharing, as shown in Table 1 . Because virtually none of the patients in our sample faces high cost sharing on these drugs, the slope, and (more importantly) the intercept of the demand curve are based primarily on the region where consumers are facing lower costs, relative to the total price. If consumers are more price sensitive when utilization is higher, this can produce misleading results. There are other important differences for orals: the physician takes a less active role in ensuring compliance and has fewer incentives to do so; and the patient's nonpecuniary costs of self-administration might also play a role. With the recent emergence of new tiering arrangements for expensive oral agents, there will be an opportunity to study this issue in the future as patients face much higher cost sharing for these products.
Setting these issues aside, Table 3 suggests that, on average, oral agents are valued in excess of costs, and that the median patient values them very close to cost. It is less clear that marginal patient populations derive values equal to cost for the orals. Table 4 provides the ratio of aggregate willingness to pay to aggregate spending for demographic subgroups. While these ratios of willingness to pay to amount paid may seem high, they are consistent with the observed (low) elasticities of demand for these drugs. Moreover, it is important to realize that it is not unusual for willingness to pay to exceed the average amount actually paid per claim, in the same way that the average individual's willingness to pay for any product may often exceed the average out-of-pocket cost actually paid. Take, for example, overall food consumption. Few would argue that individuals would not be willing to spend vast amounts of their income to consume any food at all--yet, as a share of income, food consumption remains below 10 percent of individual income in the United States. The reason is not that individuals do not value food highly, but that competition in the food industry drives out-of-pocket costs down to near cost so that the actual willingness to pay for food overall substantially exceeds the amount actually paid. In fact, for drugs used to treat HIV/AIDS, Philipson and Jena (2006) find exactly this effect--individuals value these drugs at nearly 10-20 times their price.
DISCUSSION
In previous work (Goldman et al. 2006) , we found that use of a broad class of specialty drugs for many conditions is insensitive to changes in out-of-pocket cost. This paper extends this analysis by focusing specifically on specialty Note. The overall mean net benefit ratio in our sample is 4.04. n Proxied by median income in 2,000 in patient's three-digit zip code of residence.
drugs aimed at treating metastatic disease or hematologic malignancies, and by examining the economic value of these drugs. Overall, we find that while therapy initiation is sensitive to out-of-pocket cost for these five products, therapy continuation, as measured by annual number of claims for users, is largely insensitive to out-of-pocket cost. In addition, our results suggest that generally, the value of these five therapies is high and exceeds the total costs to payers and patients, although the evidence for specialty orals (imatinib mesylate and erlotinib) is less clear. While caution may be warranted in interpreting the findings for the oral molecules due to much narrower dispersion of out-of-pocket costs, these results suggest that further efforts to elucidate the cost-effectiveness of the few marketed specialty oral drugs may be useful. The recent emergence of high cost-sharing tiers in pharmacy benefit designs should provide such an opportunity. This study has several important limitations. First, because this study is based on administrative claims data rather than medical records, we had to rely on ICD-9-CM codes to construct our sample of eligible patients. As a result, our sample of eligibles includes patients who had certain characteristics that made them unlikely to receive any of the drugs in our sample. For example, trastuzumab (Herceptin) generally is given to Her-2 positive breast cancer patients, but current ICD-9-CM diagnosis codes do not provide information about Her-2 test results. In the absence of these data, our sample of eligibles is larger than otherwise would be the case; the take-up rate is lower; and our estimated demand and income elasticities in the therapy-initiation equation are likely be biased toward zero. Accordingly, we are more confident about the estimates in the therapy-continuation equation (which includes only patients who used the drugs in question) than in the therapyinitiation equation. Nonetheless, it is useful to point out that our estimates of how cost sharing affects therapy initiation may represent a lower bound on the actual effect. Second, we were not able to accurately measure patients' personal income. Instead, we imputed to each patient the median income of his or her three-digit zip code of residence. The variation in patient incomes is less than the variation in zip code incomes, which means our estimated income elasticities may be biased toward zero. Because of this, we are more confident about how the demand for specialty oncology drugs responds to out-of-pocket cost than income.
Third, our use of out-of-pocket cost differences across health plans to estimate demand assumes that patients do not select into plans in any predictable way that is correlated with plan generosity. This assumption may be reasonable as it may be quite difficult for individuals to infer how generously a plan will cover specialty drugs simply by observing its stated medical or pharmacy benefits, since deductibles, benefit caps, and out-of-pocket maximums complicate these calculations. The out-of-pocket cost a patient will pay for a given drug will depend not only on its tier but also on where it is dispensed (e.g., mail-order or at a bricks-and-mortar store) and at what time of the year (e.g., before or after the patient has reached his or her deductible). For biologics, this issue is further complicated by the fact that many are administered clinically and paid for as part of medical services. If sicker patients were choosing to enroll in plans with more generous coverage, we would see a disproportionate number of cancer patients in plans with low cost sharing. That is not the case in our sample, which suggests that this limitation may not be of much importance in practice.
Fourth, our assumption of a linear demand curve may lead to bias in the estimation of patients' willingness to pay, particularly since few patients face full cost sharing, so that we are required to estimate out-of-sample to infer the nature of the demand curve for high out-of-pocket costs. To the degree that the true elasticity of demand is higher (lower) than predicted with our linear demand curve, our results will overstate (understate) patients' willingness to pay. In general, it seems likely that patient will have more elastic demand when out-of-pocket costs are higher, a property which holds true with a linear demand curve. Thus, any biases in our estimation of patients' willingness to pay will only occur to the degree that the elasticity of demand is increasing with price at a faster rate than predicted by a linear demand curve. This may be a particular concern with oral agents, however.
It is well documented that a high proportion of health care spending occurs at the end of life (Lubitz and Riley 1993) . The high costs of end-of-life care have been a source of consternation to many observers who argue that such care is not cost effective in the sense of extending quality-adjusted lifeyears at a reasonable price. In the United States, it is often said that any treatment that costs more than U.S.$50,000-100,000 per quality-adjusted lifeyear does not provide good value (Neumann et al. 2000) . This rule of thumb apparently is based at least in part on Medicare coverage of end-stage renal disease and dialysis, which once had a cost-effectiveness threshold in that range (Russell et al. 1996) . The current cost-effectiveness ratio for renal dialysis, however, is at least U.S.$129,000 per quality-adjusted life-year, according to a recent study (Lee, Chertow, and Zenios 2009) , suggesting that current cost-effectiveness threshold limits should be raised to take into account societal preferences and medical inflation (Ubel et al. 2003 ). This issue is highly salient for specialty oncology drugs, many of which have cost-effectiveness ratios that exceed U.S.$100,000 per quality-adjusted life-year (Tappenden et al. 2007 ). However, the argument that such drugs are cost ineffective appears hard to reconcile with the observed behavior of patients in our sample--patients for whom the value of these drugs greatly exceeds the total amount paid by the patient and his insurer. Should drugs be considered cost ineffective if patients using their own money reveal willingness to pay more than the total cost?
A recent working paper by Becker, Murphy, and Philipson (2007) argues that treatments that increase life expectancy in the final months of life (e.g., specialty oncology drugs that shrink tumors) are regarded by consumers very differently than treatments that lower mortality risks only incrementally throughout an individual's entire adult life (e.g., statins that reduce cholesterol). For the former, individuals diagnosed with terminal cancer may plausibly be willing to spend their entire remaining wealth to live a few weeks longer, because the value of their wealth (to the individual) may lose much (or all) of its value at death. This almost certainly is not the case for a treatment that reduces the probability of death by 1 in 500 over a lifetime, even if the latter treatment improves life expectancy by the same amount, on average, as the former. People who face imminent death, in short, may place a much higher value on life-extending treatments than people for whom death is merely a remote risk. This study of specialty oncology medications provides evidence in support of that argument.
Given the high value of these drugs relative to their costs, this study suggests that payers should find ways to increase, rather than decrease, access to specialty oncology drugs. As our results find little evidence that use of these specialty drugs is sensitive to costs, moral hazard for these drugs appears to be quite low, suggesting that reducing cost sharing for these drugs could appropriately increase access. In addition, alternative design of insurance benefits, such as reducing cost sharing for high-value treatments, may enhance patient welfare (Chernew, Rosen, and Fendrick 2007) . It should be borne in mind, however, that this study assesses ex post willingness to pay for treatment rather than ex ante willingness to pay for insurance. While these two concepts are related, they are distinct (Neumann and Johannesson 1994; Dolan et al. 2003) . Moreover, the willingness to pay of healthy people imagining what they would pay for life-extending cancer treatments may differ dramatically from that of actual cancer patients confronted with imminent death (Nord 1999) . Future research should examine whether healthy people place a different value on life-extending cancer treatments than actual cancer patients and, if so,
